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Abstract

Many Al applicationsrequirea baseof world knowledgeto
supportreasoning However, constructiorof suchinference-
capable&knowledgebasesevenif constrainedn coverageye-
mainsone of the major challengesf Al. Authoring knowl-
edgein formal logic is too comple a task for mary users,
while knowledgeauthoredn unconstraineshaturallanguage
is generallytoo difficult for computergo understand How-
ever, thereis anintermediatgosition,whichwe arepursuing,
namelyauthoringknowledgein a restrictedsubsetof natu-
ral language.Our claim is that this approachhits a “sweet
spot” betweenthe former two extremes,being both usable
by humansand understandabléy machines. We have de-
velopedsuchalanguag€calledCPL, ComputefProcessable
Language)aninterpreterandareasonerandhave usedthem
to encodeapproximatelyl000“commonsensetules(a mix-
ture of generaland domain-specific). The knowledgebase
is beingusedexperimentallyfor semanticretrieval of video
clips basedon their captions,alsoexpressedn CPL. In this
paperwe describeCPL, its interpretationandits usefor rea-
soning,anddiscusgshestrengthseindweaknessesf restricted
naturallanguageasathe basisfor knowledgerepresentation.

Introduction
Despitemary recentadvances,knowledge acquisitionre-
mains a major bottleneckin Al. While automatedmeth-
ods are effective for someclassesof knowledge, manual
methodsare still neededvhenapplicationsrequiredeepey
axiom-basedrepresentationgor the tasksthey perform.
However, authoringknowledgein formal logic is too com-
plex a task for mary users,while knowledge authoredin
unconstrainedaturallanguages generallytoo difficult for
computersto understand. Neverthelessthereis an inter-
mediateposition,which we are pursuing,namelyauthoring
knowledgein a restrictedsubsetof naturallanguage. We
have developedsucha language(called CPL, Computer
Processabléanguage)an interpretey and a reasonerand
have usedit to encodeapproximatelyl000“commonsense”
rules.In this paperwe describeCPL, its interpretationand
its usefor reasoningand discussthe strengthsand weak-
nessesf restrictechaturallanguagesathebasisfor knowl-
edgeacquisitionandrepresentation.

While therehasbeena substantiabmountof prior work
on Controlled Language(CL) processingthe majority of
it hasbeendevotedto makingtext easierfor peopleto un-
derstandg.g., (Hoard, Wojcik, & Holzhauserl992; Mita-
muraet al. 2003),ratherthan,asis our goal here,to malke
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text easierfor computergo understandwe will referto this

as a “computerprocessable’ratherthan “controlled” lan-

guage).Despitethis, thereareseveralongoingprojectswith
computefprocessabléanguageshathase demonstratethe
viability of theapproache.g.,(Fuchs Schwertel& Schwit-
ter 1998; Schwitter& Tilbrook 2004),andthe commercial
succes®f somecontrolledlanguagese.g.,AECMA simpli-
fied English,suggestshat peoplecanindeedlearnto work
with restrictedEnglish. This hasinspiredusto pursuethis
avenue gxtendingthe expressvenessandinferencecapabil-
ities of theseearliersystems.

UsingrestrictedEnglishoffers severaladvantages:

1. It seemdo beeasierandfasterthanencodingknowledge
in aformal KR languagelirectly, although(aswe discuss
later)we considerit morerestricted

2. It is morecomprehensiblandaccessibléo typical users

3. It is ontologically lesscommital: If a designdecision
concerninghetargetontologyis changedtheoriginalin-
put sentencesanbe automaticallyreprocessedsingthe
modifiedlanguageénterpreter

4. It is asteptowardsricherlanguagegrocessing

Despitethis, thereare several significantchallengesn us-

ing acomputesprocessabléanguagein particularit still re-

quiressomeskill to harnesghe languageeffectively. We
first describeour languageCPL, andthendiscusstheseis-
suesn detail.

CPL: A Computer-Processable Language
The CPL Language
A basicCPL sentencénasthestructure:
subject+ verb+ complements adjuncts

where complementsare obligatory elementsrequired to
completethe sentenceandadjunctsare optionalmodifiers.
Within this structure the CPL grammarcurrentlyincludes
handlingof prepositionaphrasescompounchouns,ordinal
modifiers, propernouns,adjectves, passve and gerundve
forms, relative clausesandlimited handlingof conjunctive
coordination. Pronounsare not allowed; instead,the user
must use definite reference. Basic sentencegan be con-
joinedtogetherusingthe keyword “AND”. Figure 1 shawvs
someexampleCPL sentenceandrules.

As we describeshortly, basic sentencesre interpreted
asground“facts” aboutthe world, i.e., objectsare consid-
ered existentially quantified. To enterrules of inference,
i.e., statementivolving universalquantification CPL uses
seven rule templates,whoseelementsare basic CPL sen-
tencesOnesuchtemplateis:



(1) “A manpicksup alargeboxfrom atable”

(2) “The mancarriesthebox acrosgheroom”

(3) “The manis sweepinghe powderwith abroom”

(4) “Two vehiclesdrive pastthefactorys hangr doors”
(5) “The narratoris walking pastracksof equipment”

(6) “The narratoris standingbesidea railing besidea
stormwateroutfall”

(7) “IF a personis carrying an entity that is inside a
roomTHEN (almost)alwaysthe personis in theroom?
(8) “IF a personis picking an objectup THEN (almost)
alwaysthe personis holdingthe object!

(9) “IF anentity is neara 2nd entity AND the 2nd entity
containsa 3rd entity THEN usuallythe 1st entity is near
the 3rd entity”

(10)“ABOUT boxes:usuallyabox hasalid.”

(11) “BEFORE a persongivesan object, (almost)always
the personpossessetheobject’

(12) “AFTER a personclosesa barrier (almost)always
thebarrieris shut!

Figure 1: Examplesentence$l)-(6) andrules(7)-(12) ex-
pressedn CPL.

If sentencel thentypically sentence?

where sentencel and sentence2 are basic CPL sentences,
andtypically is a qualitative degreeof reliability. The Web-
basednterfacefor enteringrulesis shavn in Figure2. We
describetherule templatesandtheir interpretationater, af-
ter first describingthe basicprocessingf a CPL sentence.

TheTarget KR Language

Thegoalof CPLinterpretations to translateheoriginal En-
glishsentencemto aformalknowledgerepresentatio(KR)
with well-definedsemanticsywhich canthenbe usedin rea-
soningandquestion-answeringlhetargetKR languageve
areusingis calledKM, the KnowledgeMachine(Clark &
Porter1999). KM is a mature,advanced frame-basedan-
guagewith well-definedsemanticsusedpreviously in ses-
eralmajorKR projects.

Interpreting CPL
We now describahetechnicaldetailsof how basicCPL sen-
tencesareinterpreted.Following this, we discusshow sen-
tencesnvolving universalquantificationareprocessed.
CPL sentencesare translatedto logic in three main
steps,namelyparsing,generationof an intermediate‘log-
ical form” (LF), and corversionof the LF to statementén
the KM knowledgerepresentatiofanguage.Eachstepex-
ploits semantidnformationto guidetheinterpretation.

Parsing Parsing is performedusing SAPIR, a mature,
bottom-up,broadcoveragechartparseralsousedcommesr
cially (Harrison& Maxwell 1986). As an additionalguide
to structuraldisambiguationthe parserincludespreference
for commonword attachmenpatterns(“tuples”) storedin
asmalldatabasegonstructednanually Techniquesuchas
(Schuberk002)suggestvayssuchadatabasenightbebuilt
automaticallyin future.
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Figure2: Rulesareenteredby writing CPL sentences rule
templates.

Logical Form (LF) Generation During parsing,the sys-
temalsogeneratea“logical form” (LF). TheLF is asimpli-
fied andnormalizedtreestructurewith logic-typeelements,
generatedy rules parallelto the grammarrules, and con-
tainsvariablesfor nounphrasesandadditionalexpressions
for other sentenceconstituents. Somedisambiguatiorde-
cisionsare performedat this stage(e.g., structural,part of
speech)while othersaredeferrede.g.,word sensesseman-
tic relationships)andthereis no explicit quantifierscoping.
Someexamplesof LFs areshovn below:

;i LF for “the catsaton the kitchenmat”

((VAR ?X1 "the" "cat")

(VAR ?X2 "the" "mat" (NN "kitchen" "mat"))
(S ?X1 "sit" (PP "on" ?x2))

;1» LF for “an aircraftis transportingobjectsthroughthe air”
((VAR ?X1 "an" "aircraft")

(VAR ?X2 NIL (PLUR "object"))

(VAR ?X3 "the" "air")

(S ?X1 "transport” ?X2 (PP "through" ?X3)))

Generation of KM Sentences Finally, the LF is usedto
generateggroundKM assertionsFirst, a setof simple,syn-
tacticrewrite rulesis appliedrecursvely to the LF to trans-
form it into a set of ground, binary clausesof the form
r(x,y)t, whereeachsyntacticrelation and prepositionbe-
comesa binary predicate.For example,the initial KM for
“The catsaton thekitchenmat” looksasfollows:

subject(_Sitl1, _Catl)

"on"(_Sitl, _Mat1l)

mod(_Mat 1, _Kitchenl)

1In KM this would be expressedasatriple (x r y), but for
this paperwe will usethe standardogical notationr(x, y)



ltemsbegginningwith a“_" are Skolem constantsgachde-
noting an existentially quantifiedindividual. In this case,
thereis an instanceof a sitting (_Si t 1), acat(_.Cat 1), a
kitchen (_Ki t chenl), anda mat (_\Vat 1), relatedgram-
maticallyasshavn. Then,interactvely, word sensesireas-
signedto thoseobjects,andsyntacticrelationsarereplaced
with semanticrelations. Finally, other structuralreoigani-
zationsare performed,including coreferencedentification
andhandlingcoordination.

For word sensalisambiguatio(WSD), we arecurrently
usingWordNetasthe targetontology Theword sensedis-
ambiguatiortaskis to find a mostlik ely assignmenof con-
cepts(i.e., WordNetsynsets}o the Skolem constantsn the
KM, basedon the wordsthey correspondo in the original
sentence.The systemmalkesa “best guess”of word sense
assignmentsising prior probabilitiesof single word sense
and pairwise word senseassignmentgor all words/word
pairsin the sentence(The prior probabilitiesarecomputed
from a taggedcorpus). The bestassignmenis then pre-
sentedo the userfor verification/correctionThis approach
seemsadequatdor our purposesaswe allow interactvity;
we do not make ary strongclaimsof its accurag compared
with otherstate-of-the-atVSD systems.

As a specialcasefor WSD, for nominalizationde.g.,"-
ing” and“-ion” nounssuchas“the falling”, “the construc-
tion”), the systempicks from the verbal ratherthan noun
sensesusingthe root verb of the nominalization. This al-
lows coreferencébetweenverbsand nominalizationgo be
recognizedandremaovesthe duplicationof conceptgverb,
verbnominalization)n WordNetfrom our system.

For semantiaelations,thetaskis to replacesyntacticre-
lationsin theoriginal KM (verbalsubjectandobject;prepo-
sitions; noun-nourrelations)with semanticallynmeaningful
relations. For our vocahulary of semanticrelations,we are
usingthe “slot dictionary” from the University of Texasat
Austir?, asetof aboutl00semantiaelations.This contains
traditional case-role-lie noun-\erb relations (e.g., agent,
patientnstrument)noun-nourmodifierrelations(e.g.,has-
part, content,location, material),and event-event relations
(e.g.,causesenables).The systempicks semantiaelations
by looking atassignmentmadein earlier similar sentences,
andhencehesystenlearnsrelationsovertime,usingatech-
niquesimilarto (Barker & Szpakowicz 1998).

For examplein “travel to a zoo”, the initial KM may
includetheclause"t 0" ( _Travel 01, _ZooO1), where
_Travel 01 and _ZooO1 are (after WSD) Skolem in-
stancesf the classegsynsets) r avel .v1® andzoo_v1
respectiely, and the task s to replacethe syntacticrela-
tion "t 0" with the appropriatesemanticaelation. First the
systemlooksfor other previously processedasef "t 0"
being usedbetweent r avel .v1l andzoo_n1, and picks
the (most common)semanticrelation usedin thoseprevi-
ouscasegheredest i nat i on wouldbethedesiredoick).
If nonearefound, it generalizeshe conceptqusingWord-
Net's ontology) andlooks for previous casesof "t 0" be-

2www.cs.uteas.edu/users/mfkb/RKF/tree/
3For legibility we have renamedhe wordnetsynsetnumbers,
e.g.,201441983with morefriendly namese.g.,t ravel v1

tweengo_v1 andf aci | i t y_nl, etc.,iteratively general-
izing until someprevious casesarefound. Again, the user
is askedto verify/correctthe systems$ choices.Noun-noun
andadjectve-nounmodifiersaresimilarly replacedwith se-
manticrelationsusingthe samealgorithm.

For intrasentenceoreferencehy default multiple usesof
the sameword within a sentencareassumedoreferential.
To overridethis, theuserincludesexplicit ordinality markers
(“first”, “second”, etc.),e.g.,“A mansav a secondman”,
andin rule (9) in Figurel.

Finally, structuralre-oiganizationsaareperformed:

1. The verbs “be” and “have” are transformed from
event instances to relations, e.g., the clauses
subj ect ( _Bel, _Rose2), obj ect ( _Bel, _Red3)
become "be" ( _Rose2, Red2), and subsequently
the syntacticrelation “be” is replacedwith a semantic
relation(herecol or) usingtheearliertechnique.

. Certain other verbs, with sensedlaggedin the lexicon
as “relational verbs”, are similarly transformedinto a
semanticrelation, as specifiedin the lexicon. Exam-
plesinclude(particularsense®f) “weighs”, “neighbors”,
and “holds”, which transformto the semanticrelations
wei ght , nei ghbor, andsupport s respectrely.

. Certain nouns, with sensesflaggedin the lexicon as
“relational nouns”, are transformedinto a semanticre-
lation, as specifiedin the lexicon. For example, the
phrasé‘the partof a car’ generatesninitial KM clause
"of "(_Part01, _CarO1l), but will be transformed
into theclausepar t - of ( _Thi ng01, _Car01) if the
usemicksthesensgar t _nl (“somethingwhichis apart
of somethingelse”).

. Onespecialsemanticrelationis that of equality a com-
monmeaningor thesyntacticrelation” be" , e.g.,in “the
coloris red”. If this relationis chosen KM will unify
(assertas equal) the two equalizedobjects, e.g., given
equal (_Col or1, _Redl), thisclausewill bedeleted
andall occurrencesf _Col or 1 bereplacedwith _Red1
in theotherKM clauses.

After completingthe interpretationthe systemshaws its
final interpretatiorto the userto verify, eitherdisplayingthe
final KM clausedirectly or as(rathercrudely)paraphrased
English,astheuserdesires.The usercantheneitheraccept
the interpretation,or modify the original sentenceand/or
word senseandrelationchoicesandreprocess.
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Entering Inference Rules

BasicCPL sentencetranslateto a setof groundlogical as-
sertionsbetweenSkolem individuals. To enteruniversally
guantifiedstatementsthe userusesone of the seven “rule

templates’listedin Figure3, usingthe editorshawvn in Fig-

ure 2. The first three of thesetemplatescreatestandard
logical implications, and the remainingfour describepre-
conditionsand effects of actions,representedising KM’s

STRIPS-like situationcalculusrepresentatiorf precondi-
tion/add/deletdists. As an exampleof the first template,
considerule (7) from Figurel.:

(7) “IF a personis carrying an entity that is inside a
roomTHEN (almost)alwaysthepersoris in theroom”



Template

If sl thentypically 2

Aboutn: typically s2

n/v is typically np/vp

Beforesl, typically s2

Beforesl, it is typically nottruethats2
After s, typically s2

After s, it is typically nottruethats2

I nterpretation

Vz,ysl(z,y) — 32 52(y, 2)

Viisa(i,N) — 3z s2(i, 2)

Viisa(i, N) < 3 z npup(i, 2)

Ve, xz,y sle x,y) — precondition(e,3 z s2(y, z))
Ve, z,ysle x,y) — precondition(e,— 3 z s2(y, z))
Ve x,yslez,vy)

Ve, z,ysle,x,y) — delete-list(e,3 z s2(y, 2))

— add-list(e,3 z s2(y, 2))

Figure 3: The seven rule templates,and their interpretationin logic. n/v/np/vp/s denotesnounierb/noun-phaseérb-

phrase/sentenaespectiely. s1() ands2() denotethe set of clausegproducedrom sentences1 ands2 respectiely. Quan-
tificationis asin Prolog: All variablesn therule’s conditionareuniversallyquantified,all remainingvariablesareexistentially
guantified.Above, = denotegheset of variableswvhich occuronly in (thelogical clauseproducedrom) sentencel, y denotes
the setof variableswhich occurin boths1 ands2, andz thevariablesin s2 only. N is the class(word senseyelectedor n /v,

ande denoteghe mainevent(the headverb)in (thelogical clausegproducedrom) s1. typically is oneof “(almost) always”,

“usually”, “sometimes” and“never”. Currentlyit is storedbut not usedfor inferencing.

Beforeaddingquantifiersthe KM clausesvhich aregener
atedfrom this (afterdisambiguation)ook:
i sa(_Personl, person_nl)
i sa(_Roon2, roomnl)
isa(_Entity3, entity_nl)
isa(_Carry4, carry_vl)
object(_Carry4, _Entity3)
agent (_Carry4, _Personl)
is-inside(_Entity3, _RoonR)
->
i s-inside(_Personl, _RoonR)

Asthisis enteredasarule, however, theinterpretemodifies
its interpretationso thatall Skolemsin therule’s condition
aretreatedas universally quantifiedvariables(and ary re-
mainderin therule’s actionasexistentially quantified). As
in Prolog,this quantificationis not explicitly addedsyntac-
tically, but insteads assumedby therule interpreter

Questions

CPL alsoacceptswh-" questionsentencessuchas“What
is the mancarrying?” and“Who is carryingthe red box?".
TheLF for thesesentencesontainsa “wh-" questionvari-
able,denotingthetargetof thequestionge.g.,
;1 “Who is carryingtheredbox?”
((var _x1 "who" nil)
(var _x2 "the" "box" (an "red" "box"))
(s (present prog) _x1 "carry" _x2))

Questionsare handledby transformingthem into (the
logic for) a definite noun phrase,referringto the answer
After this, the taskfor the reasoneis to computetheiden-
tity of thatreferent. For example“Who is carryingthered
box?” generategthe logic for) “The thing carryingthe red
box”, and “What is the location of the man?” generates
“The locationof theman”. Theinferenceenginethenlooks
up/computesheidentity of thereferentusingstandardea-
soningmethodsof backward chainingand automaticclas-
sification. In the abore example,the interpretergenerates
clauseqomittingi sa clauses):

;s “Who is carryingtheredbox?”

agent (_Carry2, _Wo2)

object(_Carry2, _Box2)

col or (_Box2, _Red3)

whichis thencorvertedto thequery:

Find ?Who where agent (_Carry2, ?\WWo), ob-
ject(_Carry2, Box2), color(_Box2, Red3)

Applying the Knowledge Base

In ourcurrentsystemreasoningvith theNL-enterecknowl-
edgeoccursin the contect of a scenario. A scenariois a
particularsituationin theworld, denotedby a setof ground
assertionsn the knowledgebase. Scenariosare specified
usingoneor moresentence CPL, for example,the sen-
tenceq1)-(6) shavn earlier andit is againstthisinitial sce-
nario that the inferencerules are applied. Rulescan be
appliedin forward-chainingmode, to elaboratean initial
scenariowith new factsimplied but not explicitly statedin
the original sentencespr they canbe appliedin backward-
chainingmode to computetheanswelto a specificquestion
posedo thesystem.

Scene Completion and Semantic Search

Oneof the applicationswe are developingis for “semantic
search’of adatabasef videocaptions.Typically, acaption
only explicitly describes few of the factsaboutthe scene.
Many otherfacts,although“obvious” to a person,are not
explicit. For example,considercaption(1):

(1) “A manpicksup alargebox from atable”

From this caption, a personwould also realize that, most
likely, the manis holding the box; the box was probably
on the table; the manis nearthe table; the manis lifting

the box with his hands;the box is now above thetable;the
manis standing;etc. In otherwords, the original caption
only givesapartialdescriptionof thefull sceneandit is our
commonsensanddomain-specifiknowledgeof the world
that allows us to imaginethe “bigger picture”. In this ap-
plication, we arereplicatingthis processy having the in-

ferenceengineapplyrulesto theinitial (interpretedaption
in a depth-limited,forward-chainingfashion. The resultis
amuchricher captiondescription againstwhich searctcan
be performed.For example,a queryfor “A personholding
something'would matchtheabove caption(1), eventhough
therearenowordsin common becaus¢heenrichedcaption



descriptionincludesthe factthatthe manis holdingthe box
(inferredfrom a generalkule that picking up somethingm-
plies(almostalways)holdingit), andthe systemalsoknows
amanis apersonandatableis athing.

Dialog and Simulation

As well asenteringasinglesentencéo describeascenepur
systemallows a sequenc®f sentenceto be enteredto de-
scribea“story”. Asbefore eachCPLsentencés interpreted
interactvely. To representand reasonwith a sequencef
events, CPL usesa standard STRIPS-lile situationcalcu-
lus mechanismijn which add-listsand delete-lists(entered
using the rule templatesshavn earlier) expressthe effects
of actionson the world, and updatethe clausesrepresent-
ing the current“situation”. During a “story”, theinitial CPL
sentencecreatesaninitial situation. If the next sentences
statve (e.g.,“the boxisred”), thenew factsareaddedo that
situation.If thenext sentencés anactionthough(e.g.,“The
manmovestheboxto thefloor”), thenthe STRIPS-lile rule
for the action(here,"move”) is appliedto updatethe situa-
tion, reflectingthe changeghatthe actionhason the world.
In this way, the systemtracksthe dynamicchangedo the
world during a story-like dialog. The usercanthenask(in
CPL) questionof therepresentatioatary time.

Discussion
Our goalis to be ableto enterknowvledgein a way thatis
simple, natural,and accessibleand our hypothesisis that
a restrictedEnglishlanguageike CPL, reasonablymeets
this goal. On the positive side, our experiencels that CPL
is easyto use,andthe approachappeargo be viable. We
currently have a knowledge-basef over 1000rulesanda
captiondatabasevith over 100captionsall enteredn CPL.
Theknowledgeis inference-capablandeasyto inspectand
organize,andthe systemcanbe easilyincrementallydevel-
opedby graduallyexpandingtherangeof languagecovered.

There are also several challengespresentedoy this ap-
proach. Most significantly it still takes someskill to use
CPL. Simply becausehe useris authoringin (restricted)
Englishdoesnot meanthat he/sheno longerneedsto care
aboutthe underlyingprocessingor semantics.In addition,
giventhatno languagenterpretemwill be 100%perfect,the
userneeddo learnto “control thebeast"to ensurehatwhat
the systemunderstands whathe/shantended andmodify
the input and/orprocessingf not. It may take several at-
temptsto entera rule into the systemuntil it is understood
correctly (usersfamiliar with CPL and the interpreterare
significantlymoreefficient).

This controlcomesin severalforms. First, theuserneeds
to reformulatehis/herintendedrule within the grammatical
scopeof CPL. In somecaseghis reformulationtaskis sim-
ple, but in mary casesit is non-trivial and requiresmore
thanjust grammaticakorversion. In particular a “natural”
statemenbf a rule often leaves muchknowledgeimplicit,
which needsto be madeexplicit to producea meaningful
andusefulrule in CPL. For example,considerthe follow-
ing glossarydefinitionstaken from WordNet(WN), andan
approximatee-expressiorof themin CPL.:

(WN) “attack: intenseadwersecriticism”

(CPL) “If apersonlaunchesanattackagainsta2ndperson
then(almost)alwaysthe 1stpersorcriticizesthe 2ndper
son’!

(WN) “axis: thecenteraroundwhich somethingotates.
(CPL) "If anobjectis rotatingthen(almost)alwaysthe ob-
jectis turningaroundthe object’s axis”
The point hereis that the reformulationtaskis often more
thanjust rephrasing;it requiresmaking the “natural” lan-
guagemoreprecisewhichin turnrequireghinkingin aKR-
orientedway aboutthe subjectmatterbeingdescribedThis
itself requiresa certainamountof skill andtraining.
Secondpy the natureof naturallanguagethe CPL input
is ambiguousn mary ways (parsestructure,prepositional
phaseattachmentyword sensessemantiaelations braclet-
ing, etc.). The goal of the CPL interpreteris to resole that
ambiguity correctly but sometimest makesmistales,e.g.,
mis-attachesa prepositionaphrase To handlethis, two crit-
ical functionsneedto be supportedFirst, the userneedso
be ableto spotthe mistale easily andsecondhe/sheneeds
to know how to modify the input to correctit. In our cur
rent system,the systemparaphrasegs interpretationback
to the user allowing the userto spotmisinterpretationsTo
correctmisinterpretationghe userneedgo know a “bag of
tricks” for rephrasingthe input to avoid specificmistales.
For example,CPL may misinterpret

"the manatethe sandwichon the plate”

asmeaningthe eating(ratherthanthe sandwich)is on the
plate,i.e., misattactthe prepositionaphrase A trick to cor-
rectthisis to rephasaisingarelative clause:

"the manatethe sandwichthatwason the plate”

but the userneedsto be aware of suchtricks andskilled in
their use. A challengefor languagedike CPL is to devise
methodsso thatthesecorrectve stratgiesaretaughtto the
useratjusttheright time, e.g.,throughthe useof goodsys-
temfeedbaclandproblem-specifion-line help.

A third issue, closely relatedto the reformulationtask
mentioneckarlier is that CPL haslimited expressvity com-
paredwith the (rich) expressie power of the underlying
KR languageKM. While onemight think that, intuitively,
natural-language-basédahovledgeis more expressve than
traditionalKR, we believe theopposites true: onemustdis-
tinguishbetweerhumanexpressiity andcomputationaéx-
pressvity, andit is computationakxpressvity —theamount
the computerunderstands,e., is ableto useto drawv sensi-
ble conclusiondrom — that matters.With no computational
ability to manipulate‘represented’knowledge, the repre-
sentationreally hasno more statusthan a comment(oth-
erwise,one could aguethat the Web hasalready“solved”
KR). From our perspectie, there are numerousrepresen-
tationalphenomendhat canbe directly expressedandrea-
sonedwith in the underlying logical formalism KM, but
which arecurrently outsidethe scopeof CPL andits inter
preter Theseincludeconstraintsgefaults,otherquantifica-
tion patternsandmathematicaéxpressions.

A fourth, interesting issue concerns the adequag
of linguistically motivated representations. In a non-
linguistically-motivated knowledge base (KB), one some-



timesfinds conceptsand theorieswithout any obvious, di-
rect linguistic counterpartjntroducedto achieve particular
inferential goals, but thesewill be largely absentfrom a
language-generaté<B. Do we payapricefor thisabsence?
For example,a CPL-generatedepresentatioof “walkedfor
10 miles” would look:

di stance(_Wal k1, _Mlel)
count(_Mlel, 10)

whereascorventional KR wisdom would suggestdistin-
guishingthe physicalquantityfrom its magnitudeon amea-
suringscale e.g.,representinghis as:

di stance(_Wal k1, _Distancel)
val ue(_Di stancel, 10, nile)

The latter representatiormakes a subtle but critical dis-
tinction, enablingthe computerto easilycomparedistances
measuredn differentunits, describethe samedistanceus-
ing multiple, differentunits, performunit corversion,etc. In
the CPL representatiorhowever, thesetaskswould bemore
difficult to performbecausg¢herepresentationconfuseghis
distinction. Becausehe grammaticalstructureof the lan-
guagedoesnot pointto this distinction,it is lost. Of course,
the CPL authorcould write a somevhat artificial-sounding
CPL sentenceo malke that distinction, but thenthe author
would needto be a knowledgeengineetto realizeit needed
to bemadein thefirst place,which would be self-defeating.

Finally, andcloselyrelated,is the issueof canonicaliza-
tion. In English,typically thereare several ways of saying
the (approximately)samething (e.g., “conductinga testof
anentity” and“testinganentity”), while in ahand-designed
ontology typically thereis one prescribedvay of express-
ing thatknowledge.If a natural-language-bas&R system
nawely translateseachEnglish variantto a differentsym-
bolic variant, thenthe proliferation of variantswill persist,
and without knowledge of their equivalencethe computer
maymissconclusionghatit shouldotherwisedraw. In prin-
ciple, one could add rulesto explicitly statetheseequia-
lences(e.g.: “IF an agentis conductinga test of an en-
tity THEN the agentis testingthe entity”), but in practice
this is probablyinfeasibledueto the large numberof such
rulesrequired. Rather what is requiredis somenormal-
ization of the input, by the interpreteritself (e.g.,automat-
ically corverting “conductingan X of Y” to “Xing Y"), by
restricting the vocalulary and grammaticalforms allowed
(e.g., don't allow the verb “conduct”), and by harnessing
expectationsfrom the knowledgebaseto guideinterpreta-
tion. In our existing work with CPL we have directly ex-
periencedthis problem (CPL is perhapstoo permissve at
the moment),and we are pursuingall thesewaysto deal
with it. In particular we considerharnessingprior onto-
logical expectationsasparticularlyimportantfor addressing
mary of the former issues. Given a pre-defineda ontol-
ogy, the systemcan checkits CPL interpretationagainstit
andif it doesnot “make sense” canlook at modifiedinter-
pretations.In this way, a pre-definedontologycanchannel
theinterpretatiorinto a canonicalandwell-principledform,
a task closely relatedto handling metorymy (Fass1991;
Fan& Porter2004),andonewe considercritical for future
evolution of thistechnology

Conclusion

We have presentedCPL, a restrictedEnglish languagefor
expressingworld knowvledge,andhave describechow CPL
is interpretedand usedfor reasoning. RestrictedEnglish
is an exciting way forward, both as a meansfor widening
the“knowledgeacquisitionbottleneck’andmakinginroads
into the long-termgoal of understandinginrestrictectext.
Most importantly we believe it breaksa passagehrough
the seeminglyimpassablextremesof hand-codinglirectly
in logic, andunderstandinginrestrictedenglish.
Despitethis,aswe have discussedhereis no“free lunch”
by usinganatural-language-basegproacho KR. Issuef
semanticandrepresentationeedto be addresseéitherby
theknowledgeauthorhim/herselfor by the machineryinter
pretingthelanguageénput. Neverthelesswe have foundthat
with sometraining and experience the approachs viable.
We have successfullyconstructedan extensie, inference-
capableknowledgebaseof over 1000rulesusingthis tech-
nology, which is beingusedin an experimentalapplication
for semanticsearchof video captions. Given the growing
demandfor semanticallymeaningfulannotationdrom the
SemantidNebandinformationretrieval community andthe
long-standingneedfor moreaccessibl&nowledgeacquisi-
tiontechnologiesn Al, we believe thatprocessingestricted
languagéhassignificantfuture potentialfor thefield.
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